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Abstract— Cancer is the leading cause of death in 

Australia. It is estimated that more than 130,000 cases will be 

diagnosed with cancer in 2017 and further, that the estimated 

number of deaths will be around 50,000. If we look at the time 

series data of cancer incidence and cancer mortality it seems 

there is a very high significant correlation between these 

variables. This may be spurious and misinterpreted which is 

quite often the case in epidemiological studies. In this paper we 

have introduced the concept of co-integration and shown that 

although cancer incidences are increasing very fast, cancer 

mortality is not increasing that fast. This paper demonstrated 

that there is no long term relationship or co-integration 

between these two variables. However, there exists a short-run 

causal relationship from cancer to mortality for the cases of 

lung and prostate cancers. The impulse response function 

reveals that the mortality peaks at second year and the effect 

gradually disappear after 8 years.  
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I. INTRODUCTION  

Cancer is the leading cause of death in Australia. The 
most common cause of cancer related death in men are lung, 
prostate, rectal and melanoma cancer while in women breast 
cancer is the leading cause. A cancer incidence is defined as 
the number of new cancers of a specific type diagnosed in a 
specific population during a year, whereas cancer mortality is 
the death resulting from this cancer. In this paper we 
introduce the concept of “co-integration”. We are showing 
by taking the time series data for a few major cancers in 
Australia that although there is a very high significant 
correlation between cancer incidence and cancer mortality, 
there is no co-integration (long term relationship) between 
these two variables, which suggests a spurious correlation. 
The high rate of cancer incidence may be because of better 
diagnostic tools and techniques which have developed over 
the period of time. 

II. DATA 

A. Study design and ethics 

In this paper we have taken the data of four major 
cancers: Lung, prostate, rectal and melanoma. The source of 
incidence data is the Australian Cancer Database (ACD)  
compiled by the Australian Institute of Health Welfare 
(AIHW) from 1982 till 2012 [1]. Data is given in Appendix 
1. The ACD records all primary cancers except for basal and 
squamous cell carcinomas of the skin (BCCs and SCCs). 
These cancers are not notifiable diseases and are not 
collected by the state and territory cancer registries. The 

source of the mortality data is the National Mortality 
Database (NMD), which is compiled by the AIHW from data 
provided by the state and territory Registries of Births, 
Deaths and Marriages and the National Coronial Information 
System, and coded by the Australian Bureau of Statistics 
(ABS). The mortality data in this workbook are stratified by 
the year of occurrence of death for years up to and including 
2012, and year of registration of death for 2013. Deaths 
registered in 2011 and earlier are based on the final version 
of the ABS Cause of Death Unit Record File. Deaths 
registered in 2012 are based on the revised and preliminary 
versions. They are both subject to further revision by the 
ABS. A time series plot of the data of various cancers is 
given in Figure 1.  

III. CORRELATION AND CO-INTEGRATION 

In order to avoid the problem of spurious correlation and 
regression non-stationary time series should not be used in 
correlation and regression analysis. However, if xt and yt are 
both non-stationary variables then we expect their difference 
or any linear combination of that such as  

                    et = yt – b0 –b1xt                                      (1) 

to be non-stationary as well. However, in the case when 
et = yt – b0 –b1xt  is stationary then yt and xt are said to be co-
integrated which indicates that both series yt and xt share 
similar stochastic trend and they do not deviate too much 
from each other. An obvious way to test whether xt and yt are 
co-integrated is to test whether errors et defined in (1) are 
stationary. Since we cannot measure et we test the 
stationarity based on least square residuals êt.  

The test for stationarity of the residuals is based on the 
test equation 

        (2) 

Where Δêt= êt – êt-1 

The regression has no constant term because the mean of 
the regression residual is zero. We test the hypothesis 

 Ho: Residuals are non-stationary (the series are not co-
integrated) 

Ha: Residuals are stationary (the series are co-integrated)  

This hypothesis can be tested using Johansen Co-
integration test as discussed in Johansen [2] and 
subsequently in many standard econometrics textbooks.  

If both yt and xt are co-integrated, then there exists a 
long-run relationship between yt and xt . In such case, if yt 
and xt are correlated then there exists a long-run causal 
relationship between them in at least one direction. In the 
absence of cointegration, the correlation between yt and xt 

1
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will be spurious and hence the long-run causal relationship 
between the variables can not be established. However, it is 
possible to establish the short-run causal relationship 
between them by estimating the regression models with 
stationary variables (ie., in difference form - Δyt and Δxt).   
Granger [3] in his seminal paper defines that xt does not 
Granger cause yt if for all s>0, the Mean Squared Error 
(MSE) of a forecast of xt+s based on (xt, xt-1,…) is same as 
the MSE of a forecast of xt+s that uses both (xt, xt-1,…) and 
(yt, yt-1,…). That is, if the predictability of xt is improved by 
the historical information of yt then we say that yt Granger 
cause xt. It can be examined by estimating the regression of 
xt on the historical (lagged) values of yt. yt Granger cause xt 
if at least one of the bi’s is statistically different from zero in 
the equation:  

0 1 1 1 1... ...t t p t p t p t p tx a a x a x b y b y e− − − −= + + + + + + +
, 

 where yt = number of cancer incidence, xt = mortality 
and the optimal lag length p is justified through schwarz 
criteria. 

IV. DATA ANALYSIS 

As it is evident from the time series plot of the various 
cancers that cancer incidence as well as cancer mortality both 
are increasing over the period of time. If we look at the 
correlation matrix (Table 1) there is a very high significant 

correlation between cancer incidence and cancer mortality 
which can be misinterpreted that cancer mortality has 
increased very highly over the period of time. Most of the 
correlations are significant even at 1% level of significance. 
If the two series are non-stationary (having a trend) then 
quite often the correlation and regression may give 
misleading results (spurious) and cannot be interpreted. If 
there is a trend in the data or the process is non-stationary 
Granger and Newbold [4] showed that de-trending does not 
work to eliminate the problem of spurious correlation, and 
that the superior alternative is to check for co-integration. In 
these cases, we look at the co-integration analysis to see if 
there is any long-term relationship between these two series. 
The concept of co-integration was given by Nobel Prize 
Winner economist Clive Granger in 1981 [5]. While 
correlation is the measure of relationship between two 
variables, co-integration shows co-movement between the 
two data sets in the long run. The co-integration analysis is 
an approach to detect long term equilibrium relationships. 
The variables are co-integrated if they share a common trend 
and tie together in a long-term equilibrium relationship. In 
other words, co-integration measures whether the distance 
between the two series remain stable over time. The concept 
of co-integration is widely used in Economics and Finance 
and Statistical details of co-integration can be found in Hill 
et al [6] or any other econometrics book. 

 

Figure 1: Time series plot of cancer incidence and cancer mortality 



 

TABLE 1: PEARSON CORRELATION COEFFICIENTS BETWEEN CANCER MORTALITY AND CANCER INCIDENCE. 

 

We have tested the co-integration between different 
series using the Johansen test [2] which is easily available in 
Eviews and free statistical software R. As it is evident from 
Table 2 there is no co-integration between cancer incidence 
and cancer mortality for these four types of cancers. 

Since the cancer incidence and the mortality are not co-
integrated, we estimate the model in first differences (i.e, 

change in mortality (yt) and change in incidence number 

(xt) to establish the short-run causal relationship from 
cancer incidence to mortality for each type of cancers. The 
results reported in Table 3 shows that cancer causes mortality 
in both Lung and Prostate type of cancers at the 5% level. On 
the other hand, other two types of cancers do not 
significantly Granger cause mortality at the 5% level of 
significance. Further, the impulse response function through 
a Vector Autoregressive Model (VAR) establishes how a 
standard deviation shock (changes) in cancer incidence have 
impact on future mortalities. The results of impulse response 

function are reported in Figure 2. Concurrent with Granger 
causality findings, the results show that the number of cancer 
incidents in the current period tend to have high mortality in 
future for the case of lung cancer followed by the prostate 
cancer. For example, if the number of lung cancer incidence 
increases by a standard deviation, then the change in 
mortality rate due to lung cancer increases by 35 standard 
deviations in one year—the mortality rates due to lung 
cancer peak at the end of year two. 

On the other hand, a standard deviation increase in 
prostate cancer causes the mortality rate to increase by ten 
standard deviations at the end of the first year. It further 
raises to 20 standard deviations in year 2.  The mortality due 
to melanoma and rectal is not as high as the other two cases. 
In general, incidences in the current period tend to have an 
impact on mortality for the period up to 8 years, with a peak 
in two years. 

 

TABLE 2: RESULT FROM JOHANSEN TEST [2]  FOR CO-INTEGRATION BETWEEN CANCER MORTALITY AND CANCER INCIDENCE   
Eigenvalue Statistic Critical Value P_value Result 

Lung  0.010193 0.297107 3.841466 0.5857 Trace test indicates no cointegration at the 0.05 level 

Prostate  0.079490 2.319153 3.841466 0.1278 Trace test indicates no cointegration at the 0.05 level 

Rectal 0.003077 0.089363 3.841466 0.7650 Trace test indicates no cointegration at the 0.05 level 

Melanoma  0.016859 0.493067 3.841466 0.4826 Trace test indicates no cointegration at the 0.05 level 

 
 

TABLE 3: GRANGER CAUSALITY TEST 

 Test statistic P_value Results 

Lung 7.03 0.029 Lung cancer Granger cause Lung mortality at the 5% level of significance 

Prostate 6.03 0.049 Prostate cancer Granger cause prostate mortality at the 5% level of significance 

Rectal 0.066 0.97 Rectal does not cancer Granger cause Rectal mortality at the 5% level of significance 

Melanoma 2.33 0.31 Melanoma does not Granger cause Melanoma Mortality at the 5% level of significance 

 

Mortality 

Incidence 

Lung Prostate Rectal Melanoma 

Lung Coefficients .844 .827 .827 .839 

P_value(2-tailed) .000 .000 .000 .000 

N 31 31 31 31 

Prostate  Coefficients .895 .935 .969 .965 

P_value (2-tailed) .000 .000 .000 .000 

N 31 31 31 31 

Rectal Coefficients .929 .892 .889 .909 

P_value (2-tailed) .000 .000 .000 .000 

N 31 31 31 31 

Melanoma Coefficients .974 .966 .952 .967 

P_value (2-tailed) .000 .000 .000 .000 

N 31 31 31 31 



V. DISCUSSION AND CONCLUSIONS 

Correlation and co-integration are two regression-based 
concepts that are commonly misused. Co-integration 
measures whether the distance between them remains stable 
over time. Correlation is interdependence between two 
variables and co-integration is co-movement between two 
data sets. The above analysis suggests that though there is a 
very high significant correlation between cancer incidence 
and cancer mortality, however upon closer inspection, there 
was no co-integration between these two series. One of the 
interpretations we can make from the above analysis is that 
although the number of cancer cases diagnosed over the 
period has increased dramatically, however mortality has not 
increased by the same amount (trend). This may be because 
of awareness about the cancer in the population, better 
diagnostic tools and advancement in the diagnostic area 
where the incidence rate has increased so high, but by the 

same token, rather it is due to advancement in medication 
and surgical procedures, and so, mortality has not increased 
that high. In certain cases, as in the case of prostate cancer, it 
may be possible to explain the sudden jump in the number of 
cases around 1993 [7]. Accordingly, we make the caution 
that correlation and co-integration does not mean causation 
[8]. To prove causation, we need to use another test known 
as the Granger Causality Test given by Granger [9]. 
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Figure 2: Impulse Response Function: Response of Mortality to 

One Standard Deviation shock in Y 

http://www.aihw.gov.au/acim-books


Appendix 1 
 Lung Melanoma Prostate Rectal 

Year Incidence Mortality Incidence Mortality Incidence Mortality Incidence Mortality 

1982 4692 4227 1733 380 3606 1370 1387 513 

1983 4789 4255 1816 362 3732 1397 1415 575 

1984 4938 4355 1990 397 3873 1441 1435 553 

1985 4877 4396 2219 403 4157 1557 1493 598 

1986 4903 4346 2404 418 4303 1645 1468 575 

1987 5224 4494 2870 517 4565 1770 1578 604 

1988 4953 4595 3190 479 4768 1883 1678 638 

1989 5111 4724 3112 501 5314 2025 1750 613 

1990 5211 4448 3136 512 6133 2079 1833 635 

1991 5145 4519 3181 512 6756 2142 1927 632 

1992 5160 4639 3583 523 7930 2337 1967 643 

1993 5126 4524 3709 581 11184 2539 2039 640 

1994 5425 4833 3825 609 13085 2613 2143 653 

1995 5223 4698 4148 601 12408 2564 2246 671 

1996 5367 4746 4347 582 10341 2642 2330 607 

1997 5436 4545 4691 577 10016 2449 2377 662 

1998 5460 4715 4472 623 10123 2570 2373 723 

1999 5440 4648 4721 641 10645 2513 2442 705 

2000 5422 4597 4885 617 10959 2666 2645 757 

2001 5494 4663 5089 684 11483 2718 2650 832 

2002 5489 4722 5601 723 12291 2820 2668 797 

2003 5435 4510 5563 764 13911 2837 2692 812 

2004 5942 4739 5587 815 16084 2794 2809 749 

2005 5865 4717 6128 860 16853 2953 2793 909 

2006 6131 4687 6084 795 17804 2971 2890 841 

2007 6077 4806 6014 890 19674 2988 3094 923 

2008 6134 4971 6485 942 21001 2961 2980 906 

2009 6103 4755 6579 948 21979 3136 2994 1030 

2010 6312 4908 6779 984 20034 3224 3250 1088 

2011 6382 4960 6760 1075 20104 3287 3218 1136 

2012 6462 4929 7060 1042 20065 3106 3097 1217 

 

 

 
 


